Microbolometer thermal cameras in UAVs and manned aircraft allow for the acquisition of highresolution temperature data, which, along with optical reflectance, contributes to monitoring and modeling of agricultural and natural environments. Furthermore, these temperature measurements have facilitated the development of advanced models of crop water stress and evapotranspiration in precision agriculture and heat fluxes exchanges in small river streams and corridors. Microbolometer cameras capture thermal information at blackbody or radiometric settings (narrowband emissivity equates to unity). While it is customary that the modeler uses assumed emissivity values (e.g. 0.99-0.96 for agricultural and environmental settings); some applications (e.g. Vegetation Health Index), and complex models such as energy balance-based models (e.g. evapotranspiration) could benefit from spatial estimates of surface emissivity for true or kinetic temperature mapping. In that regard, this work presents an analysis of the spectral characteristics of a microbolometer camera with regard to emissivity, along with a methodology to infer thermal emissivity spatially based on the spectral 1 * alfonso.torres@usu.edu; phone 1 435 797 0397; fax 1 435 797-3663; uwrl.usu 
INTRODUCTION
A major goal of thermal remote sensing is the estimation of the true (kinetic) surface temperature due to its usefulness in diverse applications such as modeling energy balance [1] [2] [3] [4] [5] [6] , vegetation conditions 7, 8 , environmental stressors effects, and climate change [9] [10] [11] . The importance of thermal remote sensing in agriculture has been demonstrated at scales from global to regional and from farm to sub-plant, the latter scale being addressed by infrared temperature sensors 12 and microbolometer cameras 13, 14 .
Infrared sensors and microbolometer cameras differ from the technologies used in satellite missions.
The main difference is the lack of "cooling" mechanisms to maintain the sensor at a constant operating temperature. Microbolometer cameras require additional procedures to stabilize the operation conditions before and during use, thus avoiding "drift" conditions that are difficult to correct/adjust after data collection [15] [16] [17] . Furthermore, infrared sensors and microbolometer cameras have, by design, different spectral characteristics [18] [19] [20] , making them distinct from the spectral characteristics from scientific satellite missions (Landsat, MODIS, ASTER, ECOSTRESS) [21] [22] [23] [24] [25] as seen in Figure 1 . As shown in Fig.1 , due to its spectral response, any microbolometer camera will be affected by the reduction in atmospheric transmissivity at the beginning and end of the spectral thermal windows and, additionally, by the significant atmospheric absorption due to Ozone molecules ("dip" in atmospheric transmissivity between 9 and 10 um). Furthermore, Landsat and other scientific thermal satellites choose a narrow spectral width to avoid a reduction in thermal signal due to atmospheric transmissivity. Microbolometer sensors technology rely on the width of the thermal spectral window to capture an adequate number of photons for thermal measurements.
Therefore, it is expected that the spectral response of microbolometer cameras will affect kinematic temperature estimation procedures and prompting for methodologies to make them equivalent to satellite thermal products.
Regarding kinematic and sensor (blackbody) temperature, the spectral response of the thermal sensor is vital towards the estimation of the true (or Kinematic) surface temperature. The relationship between radiometric and the kinematic temperature can be approximated as shown here 27, 28 :
There Trad is the radiometric temperature (Kelvin) measured by the temperature sensor (Landsat or microbolometer), Tkin is the surface or kinematic temperature (Kelvin) and ε is the thermal emissivity of the surface being measured. This emissivity is also called narrowband emissivity, due to its relationship to the spectral characteristics of the sensor measuring Trad. This equation can be considered valid only for very small distances between the sensor and the surface (1 to ~3m). A complete solution of the atmospheric transmissivity is required for longer distances (which includes UAVs, aircraft, and satellites) and is described in several publications 13, [29] [30] [31] [32] . Thermal emissivity is a property of every surface and is influenced by the characteristics of the surface, such as spectral response, reflectance, roughness, thickness, water content, and energy amount (kinetic energy). Emissivity is typically reported in educational literature as an average value within the 8 to 14μm range 27, 28 . For satellite temperature applications, a significant effort is made to estimate narrowband emissivity based on the spectral response of the sensor as presented here [33] [34] [35] : (2) Where ε is the emissivity value for a wavelength , and f is the spectral response of the sensor for a specific waveband. The integral of f is equal to unity, and 1 and 2 are the limits of the spectral response of the sensor. Details of the derivation of Equation 2 can be found here 33 .
Given the spectral differences between satellite and microbolometer thermal sensors, the objectives of this study are twofold: (1) determine the impact of the spectral response of a microbolometer thermal sensor, (the ICI 9640-P Series radiometric camera 26 ), on the estimation of narrowband emissivities and surface temperature for agricultural and environmental environments, and (2) develop an initial model for spatially estimating narrowband emissivity that responds to the microbolometer camera characteristics based on optical and infrared information from Landsat / AggieAir UAV sensors.
METHODS
Relative to the first objective, the University of Notre Dame performed a laboratory test on the ICI 9640-P camera following a published procedure 36 to derive the lens plus microbolometer sensor spectral response that is presented in . Details of the HYTES sensor and technology can be found here [39] [40] [41] [42] with a list of flown locations up to date here 43 . For the area of study, the spatial emissivity information covered different agricultural lands, (vineyards, alfalfa) and natural environments as presented in Fig. 2 . Landsat ETM+ Surface Reflectance Product is available from USGS 44 for the same date as the HYTES airborne flights. In addition, AggieAir optical information was captured in the same growing season at a later date but in conjunction with Landsat 7 overpasses. Details on the thermal sensors' characteristics are presented in Table 1 . Details on dates and times for HYTES, Landsat, and AggieAir are presented in Table 2 . The estimation of spatial emissivity using HYTES information tailored to the ICI microbolometer spectral response is based on several steps as shown in Fig.4 . The first step is the derivation of an HYTES emissivity product that responds to the ICI spectral response from Eq. 2. The ICI emissivity is then linearly aggregated to Landsat spatial scale for reflectance-emissivity model estimation. On the AggieAir UAV date, UAV reflectance information is "harmonized" to Landsat reflectance characteristics based on the work described here 45 taking advantage of the same data collection timing.
Lastly, the reflectance-emissivity model is applied to harmonized AggieAir reflectance for estimation of emissivity at UAV resolution (0.15m).
RESULTS

Hyperspectral Emissivity Analysis for Landsat and ICI thermal sensors
Based on spectral emissivity curves available in the MODIS UCBS Emissivity Library, three major groups are considered for this analysis: water, vegetation, and soil. Not all vegetation nor soil types are available in MODIS UCBS, thus a representative set is analyzed. The emissivity spectral responses for these three major groups, along with Landsat and ICI spectral responses, are presented in Fig. 5 .
In addition, computation of the Landsat and ICI emissivities using Equation 2 along with emissivity typically reported in the 8-14um spectral range for the evaluated groups are presented in Table 3 . It is evident that the spectral response of the thermal sensor plays a role in the narrowband emissivity estimates as shown in Fig. 5 and Table 3 . Typical 8-14um averages for water surfaces agree with Landsat 8 and ICI sensors, as the differences between emissivity values are small. A similar affirmation can be made for vegetation. Nevertheless, for soil surfaces, the ICI sensor diverges from 8-14um and Landsat emissivities, depending on the soil type present, but it is clear that emissivity for sandy soils will diverge more. This divergence in emissivity for soils and sandy surfaces has been documented previously 46 , is due to strong quartz absorption. To further estimate the magnitude of the effects of emissivity for Landsat and ICI sensors, differences between kinetic and sensor temperature from 0 to 70 degrees Celsius for water, vegetation and soil are calculated and presented in Fig. 6 . The results presented in Fig. 6 for kinematic and radiometric temperatures using Landsat or ICI indicates that the spectral response of the microbolometer camera affects the kinetic temperature estimates of soils to a greater magnitude than for vegetation or water. For Landsat, the expected maximum temperature difference across all evaluated surface groups is up to 4 degrees Celsius. For the ICI camera, the difference can be up to 10 degrees Celsius. This comparison indicates that care must be taken when mapping soil surfaces for energy balance methodologies due to the larger emissivity correction needed when using microbolometer cameras.
ICI Emissivity Model
As described in Section 2 and Figure 4 , an HYTES emissivity product that responds to the ICI spectral response derived for the two HYTES flights (North and South) was scaled to Landsat resolution and is presented in Fig. 7 . It is evident from the comparison of Landsat optical spectral bands and combinations and HYTES ICI emissivity values in Fig. 7 , that the correlation is limited or weak. In every presented scatterplot, a linear trend is clear, but with a considerable variance along the trend, indicating significant limitations for linear modeling of emissivity. Nonetheless, an initial approach that considers a linear combination of spectral bands from Landsat is presented below (Table 4 and Fig. 8 ). Table 4 and Fig. 8 show that a linear model based on reflectance and vegetation indices has a limited prediction capability due to the weak linear relationship between Landsat spectral bands and the HYTES ICI emissivity. A second approach, based on machine learning (Regression Decision Tree) 47 and implemented in MATLAB (function fitrtree) is implemented as shown below: 
CONCLUSIONS
Thermal emissivity is an important property that is necessary for quantification of kinematic or true surface temperature. Microbolometer technology allows for high-resolution thermal mapping from UAVs and airborne sensors, and the captured information can be enhanced by understanding the spectral characteristics of the microbolometer and its effects on the estimation of thermal emissivity.
This study shows that the spectral response of microbolometer cameras will affect the estimation of kinematic temperatures, due to different emissivity estimates than provided in the literature, and significantly diverge for soil surfaces. Furthermore, the relationship between a microbolometer emissivity (in this case an ICI camera) and reflectance products from Landsat (RGBNIR) is weak, requiring non-linear (i.e. machine learning) approaches for emissivity modeling. The Regression
Decision Tree model applied to HYTES ICI derived emissivity and Landsat reflectance was proven to adequately perform for AggieAir high-resolution reflectance information, indicating its suitability for spatial estimation of microbolometer emissivity. While the presented work is an initial approach to estimating emissivity for microbolometer cameras, further work including additional HYTES datasets for different times and locations would refine and improve the accuracy of the estimation of emissivity. In addition, an extended emissivity analysis of microbolometer cameras can be performed by including additional emissivity datasets such as the ASTER spectral library 
